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Introduction
The aim of this paper is to analyze the relationship between inequality and economic growth. To this objective, we compare the impact of income inequality and wealth inequality on real per capita GOP growth. Our main contribution is the use of the wealth Gini coefficient as a measure of inequality; in the previous literature, in fact, the relationship between wealth inequality and GOP growth has rarely been studied.
In recent decades, indeed, considerable efforts have been devoted to assessing the impact of inequality on economic growth. However, most of the previous research focused on income inequality rather than on wealth inequality, due to data scarcity on the latter. The impact of wealth inequality on economic growth has rarely been analyzed in the literature. Moreover, in the few studies that have tackled this issue, wealth concentration has been studied by means of proxies, e.g. the number of billionaires present in the countries, due to the impossibility of constructing a proper wealth Gini coefficient.
To the best of our knowledge, only a few papers have tried to include wealth inequality proxies in the growth regression. DEININGER and SQUIRE (1998) and BALISACAN and FuwA (2003) , for example, introduce the Gini coefficient computed for land ownership. However, this variable is likely to be relevant only for those countries in which the primary sector accounts for a fundamental share of GOP. On the contrary, land ownership concentration probably has a smaller influence on economic growth within industrialized economies. BAGCHI and SVEJNAR (2015) construct an index of wealth inequality based on the lists of billionaires published by Forbes magazine. However, with their approach only the top of the wealth distribution is considered. It is reasonable to suppose, instead, that the entire profile of the wealth distribution has an influence on economic growth.
In this paper, we aim at shedding new light on this relatively new topic by making use of recent estimates of the wealth Gini coefficient in a large sample of countries. We argue that point-in-time income inequality measures, such as the income Gini coefficient, are unsatisfactory measures of lifetime income inequality. From this viewpoint, indeed, wealth inequality is likely to provide a more precise picture of the degree of inequality in the distribution of resources over the entire individual life-cycle (CORNEO et al., 2015) .
Indeed, as CoRNEO et al. (2015) point out, income inequality measured in a single year is higher than life-time income inequality; therefore, taking the former as a reference would lead to an over-estimation of the degree of inequality within an economy. In addition, wealth inequality is likely to be more persistent over
The Relationship between Inequality and Growth: Evidence from New Data 185 time than income inequality, since a large share of wealth is inherited. Therefore, income inequality and wealth inequality constitute different issues, to be tackled with different policy instruments.
The study of the impact of wealth inequality on real per capita GOP growth is highly relevant today. As shown by PIKETTY (2014) and by PIKETTY and ZucMAN (2015) , indeed, in the late 20rh and at the beginning of the 2rt centuries, both the wealth-income ratio and wealth inequality have been steadily increasing. PIKETTY and ZucMAN (2015) suggest that, due to low population growth and low productivity growth, this upward trend will continue in the next decades.
Therefore, in such an environment characterized by increasing concentration of resources, it becomes of fundamental importance to understand whether a high level of wealth inequality may hinder economic growth. Such a finding, indeed, would imply that redistributive policies aimed at reducing wealth inequality, and not only income inequality (e.g. capital taxes or inheritance taxes), are necessary in order to enhance real per capita GOP growth.
However, our estimation results show that, when the estimated coefficient attached to wealth Gini is statistically significant, it is always positive. This means that, if there is an impact of wealth inequality on economic growth, this effect is positive, i.e. more wealth inequality is associated with faster economic growth. However, the size of this estimated coefficient is not stable across alternative model specifications.
Moreover, the statistical significance of the estimated coefficient of the wealth Gini seems to depend heavily on the model specification chosen. We conclude that the relationship between the wealth Gini coefficient and real GOP per capita growth is not robust to alternative model specifications. Therefore, no conclusive evidence is found in favor of a clear and stable relationship between the two variables of interest. The same holds for the relationship between income Gini and real GOP per capita growth, i.e. we find no robust relationship between these two variables.
The remainder of the present paper is organized as follows; section 2 will present an overview of the previous literature. Section 3 will explore the data and explain the estimation strategy employed, whereas section 4 will be focused on the comment of the estimation results. Section 5 will conclude. r86 CosTANZA NAGUIB 
Literature Review
The number of contributions devoted to the analysis of the relationship between inequality and GOP growth in the previous literature is enormous and a comprehensive review of all of them lies beyond the scope of the present paper. This section is structured as follows: first, an overview of the existing theoretical work on the relationship between inequality and growth will be presented. Second, some more specific issues will be analyzed with reference to past literature: the choice of the data, the model formulation and the estimation method. Table 1 at the end of the present section summarizes the main features of the most relevant and recent empirical studies on this theme.
Overview of the Literature
From a theoretical viewpoint, several transmission channels have been identified, in order to explain how inequality may affect growth. An unequal resource distribution may stimulate investments, innovation and individual effort, therefore enhancing economic growth. On the other hand, it is possible to argue that inequality, in combination with credit market constraints, reduces the number of entrepreneurial projects that can be realized. In addition, if the resource distribution is widely perceived as unfair, social and political unrest may break out. A similar situation would bring about a greater degree of macroeconomic volatility, which, in turn, is associated with lower GOP growth rates.
A relevant concern in previous studies is that of endogeneity of the inequality variable: it is plausible, indeed, that the level of development reached by a country has an influence, in turn, on the domestic inequality level. This direction of research has been explored by several studies following KuzNETs' (1955) hypothesis. KuZNETS (1955) claims that, at the first stages of development, a high degree of inequality in the distribution of resources is necessary, in order to allow the realization of large investments, which in turn will make factor productivity rise. In addition, high wage inequality stimulates workers to seek employment in innovative sectors, which are characterized by higher labor productivity and therefore higher wages. This is another factor which enhances GOP growth. However, after a certain level of economic development has been achieved, demand of the civil society for a more egalitarian resource distribution prompts the government to introduce a welfare system, in order to smooth inequalities.
Therefore, Kuznets suggests that inequality is the dependent variable and economic growth the dependent one. The author further claims that the relationship between the two variables takes the form of an inverted U. It is possible, indeed, The Relationship between Inequality and Growth: Evidence from New Data 187 that only countries that have reached a certain degree of development can afford a redistributive system, which is able to reduce inequality (EASTERLY, 2007). Kuznets' hypothesis has been challenged by several empirical studies. RAv-ALLION (1995) , for example, suggests that there is an absence of a systematic impact of growth on inequality. ADAMS (2004) , too, finds evidence that there is no statistically significant relationship between inequality and economic growth. He further challenges the widespread belief that growth leads to an increase in inequality in developing economies.
PrKETTY (2007 and 2010) , too, puts into question Kuznets' hypothesis. Piketty claims that, between the end of the 19th and the beginning of the 20th centuries, France, the UK and the US witnessed an unambiguous upward trend in wealth concentration. This evolution is in striking contrast to Kuznets' prediction of declining inequality after the initial stages of industrialization. In general, Piketty finds no evidence of a systematic downward trend of inequality in Western economies during the 20th century. The above-presented results seem to suggest that the problem of endogeneity of the Gini coefficient in the growth regression may be less serious than was previously thought; however, this issue cannot be neglected and will be further analyzed in the next section.
It is worth noting that empirical results on the theme of the relationship between inequality and economic growth are mixed; for example, PERSSON and TABELLINI (1994) , ALESINA and RooRIK (1994) and CASTELL6-CLIMENT (2010) find evidence of a negative relationship between the two variables of interest. They conclude that inequality hinders growth. On the contrary, Lr and Zou (1998), FoRBES (2000) and BALISACAN and FuwA (2003) claim that the relationship between inequality and growth is positive. It has been argued that the large difference in the results obtained depends on differences in data quality, in the estimation method or in the time horizon considered (KNOWLES, 2001; Vor-TCHOVSKY, 2005) . It is also possible that these differences arise due to the lack of robustness of the relationship considered.
The Data Issue
Most of the previous studies on this theme largely differ in the data, the model formulation or the estimation method used. In the present paper, the more recent and accurate available dataset on income inequality will be used, i.e. the latest release of the SWIID (SoLT, 2014) . Yearly data will be used for estimation. On this theme, PAGANO (2004) , WAN, Lu and CHEN (2006) and HERZER and VoLLMER (2012) claim that the common practice of averaging data should be dismissed, since the length of the interval is essentially arbitrary. In principle, r88 CosTANZA NAGUIB averaging should eliminate short-term business cycle fluctuation, but there is no guarantee that such cycles are correctly "cut", given that their length may vary across time and countries. In addition, a considerable amount of information provided by annual data is lost.
As for the inequality variable, the Gini coefficient is the most widely used measure of inequality. Different data sources can be used in order to calculate this. In some cases, the individual is considered as a reference unit, whereas in other cases the same role is attributed to the household. Furthermore, data can be recorded on the basis of different income definitions (gross or net) or even on the basis of expenditure. As explained above, the present work benefits from the use of the SWIID, which minimizes such comparability problems.
The Model Formulation Issue
With reference to the formulation of the growth equation, there is currently no agreement on the adequacy of a linear model. BARRO (2000) , for example, warns against the presence of non-linearities in the analysis of the relationship between inequality and growth. BANERJEE and DuFLO (2003) find evidence that both increases and decreases in inequality cause a reduction in the growth rate of an economy, i.e. the relationship between the two variables takes the form of an inverted "U". CHEN (2003) puts forward a similar claim. The author suggests that, at low levels of inequality, further redistributive policies may hurt growth. On the contrary, when the inequality level is high, a redistribution of resources in the sense of greater equality may be beneficial for GOP growth.
A common strategy for tackling the issue of nonlinearity consists of including squared terms as well as interaction terms in the estimating equation. Interaction terms between inequality and the other explanatory variables are particularly relevant, since they allow assessment of whether the impact of inequality on economic growth is moderated or magnified by some other factor (NoH and Yoo, 2008) . DE LA CROIX and DoEPKE (2003) report that most of the interaction terms are never statistically significant. With reference to transition economies, SuKIASSYAN (2007) finds evidence that the estimated coefficients of the squared Gini terms are not statistically significant in all model specifications; therefore, the impact of nonlinearities on the estimation result may not be as dramatic as thought. However, in this work both squared Gini terms and interaction terms between the Gini and the controls will be introduced, in order to check the robustness of the results.
Moreover, there is currently no agreement in the literature on whether the relationship between the two variables of interest changes or not depending on the initial level of per capita income. BARRa (2000 and 2008) and GRIJALVA (2011) claim that inequality is had for growth in poor countries, whereas it constitutes a stimulus for growth in rich ones. On the contrary, BLEANEY and NISHIYAMA (2004) find no evidence of a significant difference in the estimated coefficients for the Gini between rich and poor countries. To provide further evidence on that point, an interaction term between inequality and initial GDP per capita will he introduced in our model.
The Estimation Method Issue
As far as the estimation method is concerned, cross-section results probably suffer from omitted variable bias, since different countries are likely to he heterogeneous. In order to minimize distortions due to omitted variables, a Fixed Effects estimate should he preferred. This method, in fact, eliminates unobserved timeinvariant country-specific effects that may be correlated with the explanatory variables (NoH and Yoo, 2008; FoRBES, 2000) .
In the previous literature, lagged values of per capita GDP have been widely included among the explanatory variables, in order to take into account the effect of the so-called "knowledge gap" between countries. According to economic theory, the larger the "knowledge gap", the easier it is for a country to raise its domestic productivity by learning, imitating and modifying technology already introduced by the leading economies (Mo, 2000; KosTov and LE GALLO, 2015) . Therefore, the expected sign of the estimated coefficient is negative. FALLAH and PARTRIDGE (2007) , too, suggest that the inclusion of the logarithm of the initial per capita income may allow us to capture conditional convergence. BAsu and GuARIGLIA (2007) introduce the five-year lag of the logarithm of real GDP per capita in the growth equation, in order to take into account conditional convergence. CHAMBERS and KRAUSE (2010) , too, include five-year lags of income per capita among the explanatory variables. Due to the introduction of the initial income term, the model becomes dynamic; therefore, both Random Effects and Fixed Effects estimates are biased and inconsistent.
In order to tackle the problem of endogeneity of the inequality variable, as well as of the other covariates, instrumental variables (IV) have been widely used in the previous literature. However, finding valid instruments is not straightforward. DE LA CROIX and DoEPKE (2003) for example, employ fertility rate and life expectancy, measured at the beginning of the reference period, as instruments for the Gini coefficient. However, both life expectancy and fertility are likely to he heavily influenced by economic growth and therefore to he endogenous as well. The mere fact of considering initial or lagged values of these variables does not provide a guarantee of their exogeneity.
CosTANZA NAGUIB BAGCHI and SvEJNAR (2015) employ the exchange rate as IV; however, fluctuations of the exchange rate are widely believed to be linked to the monetary policy adopted within a country, which in turn usually depends on the general performance of the economy. It follows that the rate of exchange is likely to depend on the rate of GDP growth, i.e. to be endogenous. EAsTERLY (2007) proposes an innovative instrument, which is defined by the ratio between the extent of land suitable for wheat and that available for sugarcane cultivation. However, this variable probably has a significant impact within developing economies, but is less relevant in industrialized countries. Given the difficulty of finding valid instrumental variables in a cross-country context, the Generalized Method of Moments has been preferred to the IV estimation technique in the present paper. 
Data and Estimation Strategy 1

The Sample
Our main sample includes 146 countries for the years 2010-2014. 2 In this sample the inequality variable is the wealth Gini coefficient. Most of the estimates reported in section 4 are based on this sample. If a value of the Gini is missing, it is replaced with the nearest value for the same country in the previous five years, similarly to what was done by FoRBES (2000) . If no such value is available, then the observation is dropped, following the missing~at-random assumption, so the sample is unbalanced. In a 2011 paper, DAVIES et al. tried for the first time to estimate the Gini coef~ ficient for wealth ownership in 25 countries, with reference to the year 2000. On that basis, starting from 2010, DAVIES et al. have proposed estimates of the wealth Gini for an increasing sample of countries. These data have been published on a yearly basis by the Credit Suisse Research Institute. These reports constitute our source for the wealth inequality data.
1 Please note that in this section as well as in section 4, whenever we refer to growth or growth rate, we mean "real GOP per capita annual growth rate". In order to perform some robustness checks, other samples are also considered. First, an extended (unbalanced) sample, which includes 154 countries for the period 1990-2014, has been constructed. Since data on the wealth Gini coefficient are not available for such a long time span, in this case the inequality variable considered is the income Gini coefficient. Our source for the data on the income Gini coefficient is the latest version (5.0, release October 2014) of the Standardized World Inequality Income Database (SWIID).
Second, we trim our main sample by excluding data on wealth Gini that were reported as of "very poor" or "unknown" quality in the Credit Suisse Reports, thus obtaining a high-quality (though still unbalanced) sample of 114 countries for the period 2010-2014. Third, we divide our main sample into two subsamples, one including rich countries and the other including the poorer ones. The division is performed on the basis of the median initial per capita income of the whole sample. In this way, we obtain two subsamples, each including 73 countries, for the period 2010-2014. In these two samples, again, the inequality variable is the wealth Gini coefficient.
It is worth noting here that there are large variations in the values of the wealth Gini as well as of the income Gini from one year to another within the same country. This is particularly evident for the wealth Gini between 2010 and 2011, for example in the cases of Australia, Chile or the United States. Such large variations are likely to be due to updating in the national data sources used by the authors of the Credit Suisse reports as a basis for the computation of the wealth Gini coefficient. The income Gini coefficient also shows for some countries, such as Bulgaria, large variations from one year to another. Hence, we get an indication that our inequality data may still suffer from measurement error.
In the table below some descriptive statistics on the inequality variables are reported. Data on both income Gini and wealth Gini are available only for a subsample of 116 countries in the period 2010-2014. Both income and wealth inequality data show a certain degree of variability across years (within group variation), which is comparable in size to cross-country (between groups) variation. The choice of averaging data has often been justified in the past literature by the claim of time-invariance of the Gini coefficient. From the summary statistics below, however, we can deduce some empirical support for the use of yearly (i.e. non-averaged) data. As one could reasonably expect (see Table 2 below), the mean income Gini is considerably lower than the mean wealth Gini, i.e. wealth is on average more concentrated than income.
The countries with the maximum level of wealth inequality are Cabo Verde in 2012 (wealth Gini coefficient equal to 100) and St. Kitts and Nevis in 2012, with a wealth Gini coefficient equal to 99.7. On the other hand, the countries 195 in which wealth seems to be more equally distributed are the Slovak Republic (wealth Gini equal to 44.7 in 2013) and Slovenia (wealth Gini equal to 53.5 in 2013); this is probably due to the historical background (communism) of these last two countries. Source: Author's own elaboration on the basis of SWIID and the Credit Swiss Reports.
In the following, three scatterplots are presented: income Gini vs wealth Gini (period 2010-2014, 116 countries), income Gini vs real growth of GOP per capita (period 2010-2014, 146 countries) and wealth Gini vs real growth of GOP per capita (period 1990-2014, 154 countries) . For each inequality measure, we report a scatterplot of inequality vs real per capita GOP growth with reference to the largest sample available. Figure 1 provides some indication of the existence of a positive relationship between income and wealth inequality. However, the two inequality measures are not always closely associated and it is possible to identify several points which are very far from the 45o line. For example, in Kazakhstan, the income Gini coefficient is equal to about 30, whereas the wealth Gini coefficient is greater than 80.
In Figure 2 .1, the outlier in the lower part of the graph is the Central African Republic, which in 2013 recorded a growth rate of its real per capita GOP equal to -37.3%. This was largely due to the outbreak of a civil war in the country. On the other hand, there were some countries which reported very high growth rates of real per capita GOP. For example, Sierra Leone had growth rates higher than 10% in both 2012 (+12.7%) and 2013 (+18.3%). 3 II  II   II  II  II II   II  •  II  II 
"" .. . From Figures 2.1 and 2.2 we can immediately assess that there is no evident relationship between income inequality and real GDP per capita growth. Similarly, it is also possible to deduce from the scatterplots that there is no straightforward relationship between wealth inequality and real GDP per capita growth. Data show a large dispersion and the relationship of interest is likely to be nonlinear.
We now compute some dependence measures between income Gini and wealth Gini and between both inequality measures and GDP per capita growth. The results, which are reported in Table 3 , show a rather weak correlation between income Gini and wealth Gini. The two indices do not seem to have a high degree of co-movement. There is some indication that there could be a negative relationship between income inequality and GDP per capita growth; however, the degree of co-movement seems to be low. Moreover, there seems to be a positive, but weak, relationship between wealth inequality and GDP per capita growth. These results deserve further investigation with econometric techniques. 
The Model
We propose the following model for estimation. This is obtained by adding the squared Gini term and the interaction terms to the baseline model used by FORBES (2000) :
In the above-presented equation, the subscript i represents the country and t stands for the time; O:; are country-fixed effects, 7], are year dummies and the vi,t stand for the error terms. The marginal effect of ll.Ginii,t on Growthi,t can be expressed as follows: Table 4 contains the definition of the explanatory variables employed, as well as some descriptive statistics for the period 20I0-2014. Data for all explanatory variables, except the Gini coefficient, are taken from the latest release ofWorld Development Indicators, published by the World Bank (WB, 24 September 20I5).
Furthermore, in equation (I) Ginii~t is the squared Gini term, Gini;,t * lncome,,t_ 1 is the interaction term between the Gini coefficient and the lagged level of real per capita GOP, Gini,,t * Edui,t is the interaction term between the Gini coefficient and the education variable and Ginii,t * PPPi,t stands for the interaction term between the Gini coefficient and the PPP variable.
An issue that arises in the estimation of the above-presented model is that of reverse causality or endogeneity. Endogeneity may be present due to omittedvariable bias, measurement error or simultaneity. On the one hand, the presence of omitted variables cannot be excluded; on the other hand, measurement error is minimized, thanks to the high quality of the data used.
The issue of simultaneity deserves to be analyzed in detail. We aim at estimating, indeed, the impact of inequality on GOP per capita growth; however, from an economic viewpoint, it is plausible that the level of development reached by a country has an influence, in turn, on the domestic inequality level. a Note that in all the equations presented the lagged income variable is defined as the log of the initial real per capita GDP. However, in Table 4 , summary statistics are on initial real per capital GDP (without considering the log), since they are more meaningful from an economic viewpoint. b This variable has been preferred to the net secondary enrollment ratio, i.e. the total number of students in the theoretical age group for secondary education enrolled in that level, expressed as a percentage of the total population in that age group, due to a greater data availability for the gross enrollment indicator. Source: Author's own elaboration on the basis ofWB data.
As mentioned in section 2, this direction of research was first explored by KuZNETS (1955) . According to Kuznets' hypothesis, inequality first rises and then declines as an economy goes through the different stages of development. Even though this theory has been challenged by several empirical studies, the possibility of reverse causality cannot be excluded and therefore it will be taken into account in the formulation of the estimation strategy.
Swiss Journal ofEconomics and Statistics, 2017, Vol.153 (3) The Relationship between Inequality and Growth: Evidence from New Data 201 The variables relative to secondary school enrollment may suffer from endogeneity, too. It is reasonable, indeed, to suppose that the level of development reached by a country plays an important role in determining the availability and the quality of secondary schools and the opportunities for pupils to attend them. According to SAINT-PAUL and VERDIER (1993) and FoRBES (2000), economic growth may free resources to he invested in the process of human capital accumulation. Thus, GDP growth may cause a rise in education levels and variables relative to education may he endogenous.
With reference to the PPP variable, it is defined by the World Bank as the purchasing power parity conversion factor (i.e. the GDP deflator) divided by the market exchange rate. This variable may, of course, he influenced by the domestic rate of growth; however, under the hypothesis that each country is relatively small with respect to the world economy, this variable can he reasonably considered as exogenous, since it will he influenced by the economic performance of all other countries as well. FoRBES (2000) employs a similar variable, the price level of investment, which is defined as the PPP of investment divided by the exchange rate. The author argues that this variable is exogenous and therefore it does not need to he instrumented.
Some authors use lagged values of the control variables to reduce reverse causality problems. KEEFER and KNACK (2002) consider the average annual growth rate of per capita income over the period 1970-1992 as the dependent variable and employ data relative to human capital and inequality relative to 1980 or earlier, in order to minimize the risk of reverse causation. FALLAH and PARTRIDGE (2007) , too, employ observations of their explanatory variables relative to the year 1989-90, in order to analyze the determinants of growth over the period 1990-2000. However, introducing one-year lagged data for the endogenous variables in our model would not be enough to solve the endogeneity issues. The lagged value of an endogenous variable, in fact, is influenced by the lagged value of economic growth.
Since past economic growth is likely to he correlated with present economic growth, the lagged value of the covariate would be, in turn, correlated with current growth, thus still being endogenously determined.
According to Mo (2000) , the use of Gini coefficient data measured at the beginning of the period considered, or even before, may not he enough to solve the problem of reverse causality between inequality and GDP growth rate. 5 We have tried to run some IV estimates with traditional instruments, such as fertility 202 CosTANZA NAGUIB rate, government consumption expenditure or investment ratio (BARRO and SALA-I-MARTIN 2003) . However, the results were rarely statistically significant, and in most cases first-stage statistics did not confirm the validity of the instruments used. Therefore, in the present paper, theArellano-Bond GMM estimation technique has been preferred to the IV technique, in order to tackle the endogeneity issue of the Gini as well as of the other controls.
A relevant feature of the model presented, in fact, is its dynamic nature. Equation (1), indeed, contains a lagged endogenous variable, which is the lagged real per capita income. Real GDP per capita growth, in fact, can be expressed as the difference of the logarithms of the present and past real per capita income levels: 
It is known that the estimation of a dynamic model by Ordinary Least Squares (OLS), Fixed Effects (FE) or Random Effects (RE) yields biased results. Several empirical strategies have been proposed in the literature to instrument the lagged dependent variable. In the present paper, we apply the Generalized Method of Moments developed by ARELLANO and BoND (1991) , who use lagged levels dated t -2 and earlier for the equation in first-differences. This difference-GMM estimator computes the first-differences of each variable, in order to eliminate country-specific effects. Equation (1) 
In period 3, ln(Income;) is used as an instrument for ln(Income;)-ln(Income;), whereas in period 4 both ln(lncome;, 1 ) and ln(lncome;) are used as instruments for 1n(Income;, 3 )-ln(lncome;) and so on. The same procedure is applied in order to create instruments for each of the differenced variables. The necessity to use values lagged at least two times as instruments leads to the elimination from the sample of countries for which only two consecutive observations were available.
However, first differencing introduces a correlation between the error term D.vi,t and the differenced lagged dependent variable, D.ln(Income;,t-I). An OLS estimation in this case would produce biased results, even if the other explanatory Swiss Journal ofEconomics and Statistics, 2017, Vol.153 (3) The Relationship between Inequality and Growth: Evidence from New Data 203 variables were strictly exogenous. Therefore, instrumental variables are used for the equations in first differences (ARELLANO and BoND, 1991) .
Consistency of the GMM estimator depends on the validity of the instruments used. In order to asses it, the Hansen test on the overall validity of the instruments will be performed. We will also test the presence of serial correlation in the residuals. Many alternative specifications of the model have been estimated, in order to perform some robustness checks. The estimation results are presented in the following section.
Estimation Results
Some Preliminary (Biased) Results
As a first step, we perform some preliminary OLS estimates, in order to check whether there is an evident relationship between inequality and growth. 6 Many alternative model specifications have been estimated with OLS. The main results are reported here. In general, the relationship between wealth inequality and real per capita GDP growth seems not to be robust to alternative model formulations.
In our OLS estimates, the wealth Gini coefficient is statistically insignificant in all model specifications (i.e. with and without year and continent dummies, with and without the squared Gini term and the interaction terms). We notice some evidence of a negative impact of the initial level of real per capita GDP on the rate of GDP per capita growth, as well as some indications of a negative relationship between the PPP variable and the real GDP per capita growth. However, the other explanatory variables are also rarely significant, thus suggesting a potential model misspecification. The interaction terms, too, are hardly statistically significant. We conclude that OLS results are biased and we resort to other estimation techniques.
As for Fixed Effects (FE) and Random Effects (RE) techniques, equation (3) in Table 5 provides us with a hint of the existence of a negative relationship between wealth Gini and real per capita GDP growth. However, this relationship is not robust to the inclusion of the squared wealth Gini term and that of the interaction terms in the model. Again, we get some indication of the presence of a negative relationship between the initial level of real per capita GDP and the subsequent annual rate of growth of real per capita GDP. 2010 , 2010 , 2010 , 2010 , 2010 (1) OLS, (2) OLS, 2010 , 2010 ...
bl
The Relationship between Inequality and Growth: Evidence from New Data 207 In addition, time dummies are often statistically significant and they hint at the presence of a somewhat positive time trend (with the exception of year 2012) in the annual growth rate of real per capita GOP. However, as explained before, in a dynamic context both Fixed Effect and Random Effects estimates are biased and inconsistent. Therefore, the results presented in Table 5 have to be considered with caution. We now turn to the Arellano-Bond GMM estimation method, in order to eliminate the Nickell bias.
Arellano-Bond GMM Estimation Results
& for the results reported in Table 6 , when the estimated coefficient of the wealth Gini is statistically significant, it is always positive, thus suggesting that there may be a positive relationship between wealth inequality and growth rate of real per capita GOP. The size of our estimated coefficient ranges between 0.11 and 0.23. This result is notably larger than that obtained by FoRBES in 2000 (0.0013); however, the results obtained by GRIJALVA (2011) for the medium term (10-year averages) are even greater than ours. GRIJALVA (2011) finds, in fact, that income inequality has a positive and statistically significant impact on growth. In Grijalva's estimation results, in fact, the size of the estimated coefficient of income inequality ranges between 0.28 and 1.30.
Going back to our estimation results (Table 6) , when the coefficient of the squared Gini term is statistically significant, it is always negative. Equation (9) in Table 6 suggests that the shape of the relationship between income inequality and growth takes the form of an inverted U. This finding is in accordance with CHEN (2003) , who finds evidence of an inverted-U relationship between inequality and growth in the long term (he considers the period 1970-1992). This means that, at low inequality levels, there is a positive relationship between the wealth Gini coefficient and the real rate of per capita GOP growth. On the contrary, after a certain threshold value of the Gini coefficient is reached, wealth inequality is negatively associated with the real growth rate of per capita GOP. +---Notes to Table 6 : The dependent variable is real GDP per capita growth in all model estimates.
Standard errors are robust to heteroskedasticity and clustered on countries. In all model specifications the following variables are considered endogenous and thus instrumented: initial income, wealth Gini, education and, when present in the estimating equation, also the squared Gini term and the three interaction terms between Gini and the other explanatory variables (Initial Income* Gini, Education* Gini and PPP* Gini). Source: Author's own elaboration. 208 CosTANZA NAGUIB
The inverted-U shape implies that extreme values (in both directions) of the Gini coefficient negatively affect growth. This would imply that either very high or very low values of the income Gini coefficient are associated with high GDP per capita growth rates. Perhaps very high-income inequality levels are necessary in order to stimulate savings and investments, whereas very low inequality levels stimulate growth through the channels of cooperation and social cohesion. We find here some empirical support for the claim that the relationship between inequality and growth has a nonlinear nature, as suggested by BANERJEE and DuFLO (2003) and KNOWLES (2005) .
The coefficient for the squared inequality term obtained by GRIJALVA (2011) is negative and statistically significant, as in our estimates; in particular, the values reported by Grijalva range between -0.32 and -1.58, i.e. they are larger in absolute value than our estimates. In fact, we get a value for the coefficient of the squared Gini term of about -.0013. With reference to equation (9) reported in Table 6 , the optimal wealth inequality level in this context should correspond to a value of the wealth Gini coefficient equal to about 87 (out of 100), i.e. the optimal wealth inequality level appears to he rather high.
For example, let us consider the case of Kyrgyzstan in year 2013. On the basis of equation (9) in Table 6 , if the wealth Gini coefficient were to rise from 65.9 to 66.9, then the GDP per capita growth rate (which in 2013 was equal to 8.74%), would increase by around 0.055 percentage points.
On the other hand, if we look at the case of Germany in the same year, if the wealth Gini coefficient were to rise from 68.4 to 69.4, then, on the basis of equation (9), the real growth rate of per capita GDP (which in 2013 was equal to 0.02o/o), would increase by about 0.048 percentage points.
This positive effect of a rise in wealth inequality can he explained by resorting to the investment channel of transmission: higher wealth concentration allows some people to realize large investments. These investments enhance productivity and therefore economic growth. This result contrasts with DEININGER and OLINTO (1999) . The authors find, in fact, evidence of a negative relationship between wealth inequality and growth. However, they use the land Gini coefficient as a proxy for asset distribution. Different definitions of the inequality variable may account for the different results also obtained by DEININGER and SQUIRE (1998) and BAGCHI and SVEJNAR (2015) . In both papers, in fact, it is claimed that wealth inequality has a negative impact on GDP growth.
Our estimation results are not robust to alternative model specifications, such as the inclusion or the exclusion of continent or year dummies. From equation (8) in Table 6 , indeed, we get some indication that being in the Asia or in Africa is a factor that hinders real per capita GDP growth of a country. However, in The Relationship between Inequality and Growth: Evidence from New Data 209 equation (8) the estimated coefficient of wealth inequality is no longer statistically significant. This is consistent with the results obtained by DEININGER and SQUIRE (1999) . The authors find, in fact, that the link between income inequality and growth is tenuous and that it disappears once geographic dummies are included in the model.
As for the other explanatory variables in Table 6 , the PPP term is never statistically significant; the same holds for the interaction terms between wealth Gini and the controls. The coefficient of initial income is negative in most estimates. This finding is broadly consistent with KosTov and LE GALLO (2015) ; however, this coefficient is never statistically significant. The impact of education on growth, when statistically significant, is always negative. These results are consistent with FoRBES (2000) . The author, in fact, finds evidence of a negative coefficient for male education.
The sign of the estimated coefficient for the education variable may he explained with the arguments of BARRO (2000) and GRIJALVA (2011) . Both authors claim, in fact, that it is possible that education causes an increase in the growth rate only after a minimum threshold has been reached. Below this threshold, additional education could have a negative impact on short-term growth, because the resources used for education could have been used for productive activities generating immediate returns. Moreover, it is known that the investment in human capital represents a cost in the short term and yields a positive return only in the long term.
The Hansen test confirms the overall validity of the instruments used for the endogenous variables in all model specifications. This means that the estimates should he unbiased. From first-stage results of the GMM estimation, which are reported in Appendix B, we deduce that our GMM estimation strategy is valid. For each estimate and for all the endogenous variables, in fact, we can reject the null hypothesis that the endogenous regressor is weakly identified at a confidence level of 95% and, in most cases, of 99o/o. The results of the Cumby-Huizinga test for serial correlation in the residuals are also reported in Table 6 . We find evidence that the residuals are not serially correlated. At a 95% confidence level, in fact, we never reject the null hypothesis of absence of first-order serial correlation of the error terms; the same holds for second-order serial correlation. Hence, we find no evidence of model misspecification (BAUM and SCHAFFER, 2015) . 
Robustness Checks
In order to check the robustness of our results, we run some additional estimates. The main results are reported in Table 7 .
In particular, we adopt three estimation strategies. First, we consider an extended sample, which includes 154 countries for the period 1990-2014; due to limitations in data availability for the wealth Gini coefficient, in this extended sample we consider the income Gini coefficient as the inequality variable.
Second, we exclude from our main sample (146 countries, period 2010-2014) those data on wealth Gini that are classified as of "very poor quality" or "unknown quality" in the Credit Suisse Reports. In this way, we obtain a highquality sample of 114 countries for the period 2010-2014. Third, we divide our main sample (146 countries, 2010-2014) into two subsamples, one including the rich countries and the other including the poor ones. Following BARRO (2008) , the division has been performed using the median initial per capita income of the whole sample as a threshold. (154 Countries, 1990 (154 Countries, -2014 With reference to the extended sample, in which the income Gini is used as the inequality measure and the time horizon is longer, the estimated coefficient is never statistically significant in any alternative model specification. The squared Gini term, too, turns out to be statistically insignificant in all the estimations. In addition, the other variables are rarely statistically significant. We only get some indication of a negative impact of the Asia dummy on the annual growth rate of real per capita GDP. (114 Countries, 2010 (114 Countries, -2014 On the other hand, estimation of our growth regression on the high-quality subsample again gives us evidence of a positive relationship between wealth inequality and real per capita GDP growth. It is worth noting, however, that if we exclude the interaction terms from equation (12), the estimated coefficient of the wealth Gini is no longer statistically significant (results not reported). From equation (12) in Table 7 we also get some indication of the existence of a negative relationship between the PPP variable and the annual rate of per capita GDP growth. This result is in line with the previous literature, even though the size of the estimated coefficient here is larger. The variable PPP is the price level ratio of the PPP conversion factor to market exchange rate, as recorded by the World Bank. The purchasing power parity conversion factor, in turn, is the number of units of a country's currency which are required to buy the same amount of goods and services in the domestic market as a USD would buy in the USA. This variable is then divided by the market exchange rate. This ratio is also called the national price level and makes cost comparisons possible between countries. A high domestic price level is often associated with a high level of market distortions. In the past literature, in fact, the variable PPP (or slight different definitions of it) is always negatively associated with economic growth. GRIJALVA (2011), for example, finds evidence of a negative impact of the high price of investment (a variable that he uses to measure the degree of market distortions) on GDP growth.
Evidence from the Extended Sample
Estimation Results from the High-Quality Sample
With reference to equation (12) in Table 7 , the sign of the interaction term between the wealth Gini and the PPP variable is positive and statistically significant at a confidence level of 90%. This seems to imply that the positive impact of wealth inequality on the growth rate of real per capita GDP is higher in the presence of a high value of the PPP variable. Rich and Poor Countries (73 Countries Each, 2010-2014) As an additional robustness check, we divide the restricted sample into two subsamples (equations from (13) to (18) in Table 7) , one including rich countries and the other with the poorer ones. In the subsample of poor countries, the estimated coefficient of the wealth Gini is never statistically significant. The estimated coefficients of the other variables, too, are rarely significant. Again, we only get some evidence of a negative impact of the PPP variable on the annual growth rate of real per capita GDP.
Evidence from the Two Subsamples of
On the contrary, in the subsample of rich countries, we get some evidence that there exists a positive relationship between wealth inequality and the growth rate of real GDP per capita. There is also a hint (equation 15) at the existence of a positive impact of education on GOP per capita growth, which is consistent with the considerations on the education variable presented in Section 4.2. Moreover, in equation (15) the sign of the interaction term between education and the wealth Gini coefficient is negative. This suggests that, in rich countries, the lower the average education level is, the higher the positive impact of wealth inequality on GOP per capita growth will be. However, none of these results is robust to the inclusion of the Gini squared term in the estimating equation. Since the squared Gini term is never statistically significant in any of the two subsamples, in this case we did not try to compute the optimal inequality level on the basis of the estimation results.
The Relationship between Inequality and Growth: Evidence from New Data 215 The fact that we obtained different results in the subsample of rich countries and in that of poor ones is consistent with the previous literature. BARRO (2008) and PAGANO (2004) , for example, suggest that income inequality may have a positive impact on GDP growth in rich countries but a negative impact on GDP growth in poor countries. However, we do not find evidence of the existence of a negative relationship between wealth inequality and real per capita GDP growth in any model specification for the subsample of poor countries. Moreover, the estimated coefficient of the interaction term between the wealth Gini coefficient and initial real per capita income is never statistically significant in either of the two subsamples.
For all the estimates presented in Table 7 , the Hansen test confirms the validity of the instruments employed and the F-statistics of excluded instruments, reported in Appendix B, confirms again that the endogenous regressors are identified. Moreover, at a 95% confidence level we never reject the hypothesis of absence of first-order serial correlation of the residuals; the same holds for second-order serial correlation (see results of the Cumby-Huizinga test reported in Table 7 ).
Concluding Remarks
The relationship between wealth inequality and real GDP per capita growth seems not to be robust to different model specifications. Even though we get some evidence of a positive relationship between the wealth Gini coefficient and the annual growth rate of real per capita GDP from our Arellano-Bond GMM estimates, the statistical significance of this relationship is not stable across different model specifications.
The same holds when income Gini instead of wealth Gini is considered as the inequality measure. Different estimation methods yield different results and the difference between these results is not negligible. The size of the estimated coefficient of the inequality variable, in fact, varies considerably across the alternative model specifications.
In our main sample (146 countries), for example, the inclusion of continent dummies in the estimating equation causes the estimated coefficient of the wealth Gini to lose its statistical significance. As mentioned before, the results obtained seem to be highly dependent on model formulation. It is likely that the relationship between inequality and real per capita GDP growth is not robust and that there exists a variable that contributes to the determination of both economic growth and inequality simultaneously. The identification of this variable constitutes scope for future research. Table 6 and in Table 7 of Section 4.
Instrumented variables (7) (11) GMM two-step, income Gini, with continent dummies, squared Gini term and interaction terms, 154 countries 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 (12} GMM two-step, only high quality data on wealth Gini, with interaction terms, 114 countries.
(13) GMM two-step, wealth Gini, only rich countries, 73 countries 0.0000 0.0000 0.0000 0.0000 0.0336 0.0000 (14) GMM two-step, wealth Gini, 0.0000 0.0000 0.0000 only poor countries, with interaction terms, 73 countries (15) GMM two-step, wealth Gini, 0.0000 0.0336 0.0000 only rich countries, with interaction terms, 73 countries (16} GMM two-step, wealth Gini, 0.0000 0.0000 0.0000 only poor countries, 73 countries 0.0000 0.0000 0.0118 0.0000 0.0000 0.0000 0.0000 0.0000 0.0005 (17} GMM two-step, wealth Gini, 0.0000 0.0336 0.0000 0.0000 0.0000 0.0005 0.0000 only rich countries, with Gini squared and interaction terms, 73 countries (18) GMM two-step, wealth Gini, 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 only poor countries, with Gini squared and interaction terms, 73 countries
